Mid-trophic level water-column (pelagic) marine communities comprise millions of tonnes of zooplankton and micronekton that form dense and geographically extensive layers, known as sound scattering layers (SSLs) when observed acoustically. SSLs are ubiquitous in the global ocean, and individual layers can span entire ocean basins. Many SSLs exhibit clear diel vertical migration behaviour. Vertical migrations contribute substantially to the 'biological pump', such that SSLs have important global biogeochemical roles: SSLs are important conduits for vertical energy and nutrient flow. Ship-based remote sensing of SSLs using acoustic instruments (echosounders) enables their shape and density to be quantified, but despite SSLs being discovered in the 1940s, there is no consistent method for identifying or characterising SSLs. This hampers ecological and biogeographical studies of SSLs. 2. We have developed an automated and reproducible method for SSL identification and characterisation, the sound scattering layer extraction method (SSLEM). It functions independently of echosounder frequency and the spatial scale (vertical and horizontal) of the data. Here we demonstrate the SSLEM through its application to identify SSLs in data gathered to a depth of 1000 m using 38 kHz hull-mounted echosounders in the south-west Indian Ocean and Tasman Sea. 3. SSLs were identified in the water column as horizontally extensive echoes that were above background noise. For each identified SSL, a set of 9 quantitative 'SSL metrics' (describing their shape, dynamics and acoustic backscattering distribution) were determined, enabling inferences to be made concerning the spatial arrangement, distribution and heterogeneity of the biological community. The method was validated by comparing its output to a set of visually derived SSL metrics that were evaluated independently by 8 students. The SSLEM outperformed the by-eye analysis, identifying three times the number of SSLs and with greater validity; 95% of SSLs identified by the SSLEM were deemed valid, compared to 75% by the students. 4. In the same way that data obtained from satellites have enabled the study and characterisation of global phytoplankton distribution and production, we envisage that the SSLEM will facilitate robust, repeatable and quantitative analysis of the growing body of SSL observations arising from underway-acoustic observations, enhancing our understanding of global ocean function.
Introduction
Sound scattering layers (SSLs) or deep scattering layers (DSLs) are vertically discrete (100s of m or less) water-column aggregations of organisms that can extend horizontally over 1000s of km (Kloser et al. 2009 ). The layers are comprised of pelagic organisms (organisms of the water column, as opposed to benthic organisms that live on or in the seabed), primarily zooplankton and small fish (cm to 10s cm), living together in distinct communities. When insonified, these organisms produce a distinct echo that, depending upon depth and incident acoustic frequency, can stand out prominently as scattering layers above background noise (Simmonds & MacLennan 2005) . Such layers have been known since the mid-20th century when naval sonars detected signals thought initially to be echoes from the sea bed: the depths of the echoes, however, changed with time of day and it became apparent that these 'false bottoms' were in fact biological in origin (Brierley 2014) .
The organisms that comprise SSLs are responsible for the transport of vast quantities of carbon (increasing particle export by up to 40% -Bianchi et al. 2013) from the surface to the deep sea (the biological pump) via diel vertical migration atmosphere-ocean interactions and in the global biogeochemical cycle. SSL scales can vary from the micro, at vertical resolutions of centimetres over time-scales of a fraction of a minute (Holliday et al. 2003; McManus et al. 2003 McManus et al. , 2005 to pan-oceanic (Anderson, Brierley & Armstrong 2004; Kloser et al. 2009; Irigoien et al. 2014) . The former, so-called microlayers provide an explanation for the 'paradox of the plankton' where high species diversity occurs in what at first glance may appear to be a homogenous volume of water. Vertical structure means that the water column is in fact far from homogenous. Its physical properties can change dramatically over just a few centimetre's or metres enabling the discrete formation of aggregates at specific depth ranges (Longhurst 1998) . In this way, SSLs show the water column divided into multiple vertically discrete habitats. Despite the importance of SSLs to ocean and earth-system function, there is no accepted standard method for identifying or classifying them. This in turn has hampered comparative or integrative studies of SSLs.
There are parallels between the pelagic and tropical rain forest ecosystems, in as far as both have vertical layered structure that with increasing depth is increasingly light limited. The sea surface, like the forest canopy, can be studied remotely by satellites and yield estimates of biomass and primary production (PP) (Longhurst, 1998) . The sea bed is a physically fixed entity, and organisms living there, like organisms and vegetation of the forest floor, are amenable to study because they are constrained by a two-dimensional environment. The ocean interior, however, is physically dynamic, and its inhabitantspelagic organisms including zooplankton and fishhave freedom to move in three dimensions, so the dynamics of the sometimes-dense layers of mid-trophic level communities are poorly understood (Lehodey, Murtugudde & Senina 2010) . Developments in forest sampling can perhaps guide developments in ocean sampling.
In an effort to improve understanding of rain forest interiors, the 'RAINFOR' project (Malhi et al. 2002) that was established over a decade ago initialised a network of sampling sites for Amazonian rain forest ecosystems. As part of the initiative, field measurements of the forest interior were taken and the data related back to satellite information in order to gain a more complete picture of the ecosystem and to provide the capability to validate remotely sensed data. Since the rain forest covers <7% of the earth's surface (Bierregaard et al. 1992; Wilson 1994) , a network of sites can provide a representative sample. The ocean on the other hand covers over 71% of the earth's surface and therefore makes it extremely difficult, logistically and financially to study the pelagic community by in situ biological sampling alone. The required greater spatial coverage for the ocean can be achieved by using active acoustic sampling techniques (scientific echosounding) to rapidly observe large volumes of the ocean, from ship-based instruments routinely used on both research and fishing vessels. These acoustic data can help reveal the spatial structure of pelagic communities: many marine organisms scatter sound waves in a characteristic fashion (dependant on the frequency of the incident wave and anatomy of the organism) such that 'remote sensing' by echosounder can provide community insight. These data could then be linked back to remotely sensed PP data at the surface, acquired from online resources such as the National Oceanographic Data Centre (NODC, www.nodc.noaa.gov) and validated by biological point samples, available from, for example, the Ocean Biogeographical Information System (OBIS, www.iobis.org). Acoustic survey data already exist in vast quantities, with wide geographic coverage, leading to the possibility that a method capable of identifying and characterising pelagic communities, found within SSLs, would, akin to the RAINFOR project, potentially enable deep ocean processes to be inferred from satellite observation of the surface, yielding a more complete understanding of ocean ecosystem function. To achieve this, first a repeatable technique to identify and parameterise SSLs is required.
Some quantitative research has already been carried out on SSLs. Regional structure of SSLs has been identified by comparing total water-column backscattering strength at sites across the Pacific and Atlantic Oceans, in the Caribbean, Labrador, Norwegian and Mediterranean Seas and in Baffin Bay (Chapman et al. 1974) and also in the Atlantic and north-western Pacific using depth-frequency structure of backscattering strength (Andreeva, Galybin & Tarasov 2000; Tarasov 2002) . Biomass estimates of SSLs have also been made at the basin scale using both echo counting and echo integration techniques, in the Tasman Sea, for example (Kloser et al. 2009 ). More recently, a method was developed to extract SSLs (Cade & Benoit-Bird 2014) that required input parameters such as an acoustic threshold intensity and minimum separation distances between SSLs to be defined a priori.
Research on SSLs has, however, typically been qualitative. The depth structure of SSLs has been observed to vary over large spatial scales in both longitude and latitude (Kloser et al. 2009 ), across ocean basins (Anderson, Brierley & Armstrong 2004) in the Irminger Sea and across fronts (Nicol et al. 2000; Kawaguchi et al. 2010) in the southern Ocean. Studies at oceanic features have also shown characteristic behaviour, such as bulges in SSLs at continental shelves (Jarvis et al. 2010) off East Antarctica and bowl-like SSL features forming under eddy structures (Godø et al. 2012) in the Norwegian Sea.
Conversely, discrete, biological aggregationsschools, shoals and swarmshave been quantitatively defined. The fisheries acoustic community has wrestled for years over the question of what, as seen in an acoustic record, is a school, and some standard identification and description protocols have been agreed (Reid & Simmonds 1993; Reid 2000) . The importance of particular school metrics for school identification has differed between studies; for example, Coetzee (2000) , using the Shoal Analysis and Patch estimation system algorithm (SHAPES: Barange et al. 1994) , identified morphological aspects to be the chief descriptor; Lawson (2001) identified school energetics and water-column position as the most important parameters.
In spite of previous work, no standardised objective approach exists for defining SSLs, rendering comparisons between studies and between water-column communities and the environment difficult beyond the merely descriptive. The lack of a consistent analytical approach was identified by Handegard et al. (2013) as hindering marine ecosystem monitoring and management.
Our overarching goal was to develop a standardised analysis method to extract biological layers consistently from underway-acoustic survey data. We illustrate the utility of our method here by identifying SSLs from data observed at 38 kHz in the south-west Indian Ocean and Tasman Sea. Application of this method will lead to a better understanding of mid-trophic level communities, within and across oceanic boundaries at varying spatial and temporal scales.
Materials and methods

A C O U S T I C D A T A
The acoustic data used in this study were all 38 kHz data and were obtained from the Integrated Marine Observing System data centre (IMOS 2013, www.imos.au, downloaded on 1st June 2013). Thirtyeight kilohertz data were suitable for SSL observations because the moderately low attenuation rate (5-10 dB km À1 : Ainslie & McColm 1998) enables deep water-column penetration (up to 1500 m) and because the wavelength is appropriate for detection of many of the fish and plankton species of the order of centimetre's that inhabit the layers. Data had been collected by research vessels (RV) Southern Surveyor and Aurora Australis, as well as several fishing vessels (FVs) including the Southern Champion, Janas, Rehua, Austral Leader II and Will Watch. Data were granted by the Marine National Facility and processed by the Commonwealth Scientific and Industrial Research Organisation (CSIRO) Oceans and Atmosphere Flagship as part of the IMOS Bio-Acoustic Ships of Opportunity (BASOOP) Program. The data totalled 24 transects covering wide areas of the south-west Indian Ocean and Tasman Sea (Fig. 1 ). Transect length ranged from 200 to 1800 NM and included 24 h (day/night) coverage across all seasons between 2009 and 2012. The spatial coverage of the tracks included two of the four major global ocean biomes as described by Longhurst (1998) the Trades and Westerliesand also spanned major frontal zones and boundaries including the subtropical convergence zone (STCZ) and the polar front (PF).
We pre-processed IMOS data by removing dropped pings (a ping is a single acoustic transmit/receive cycle; typical ping rate was 0Á5 Hz) and noise spikes (caused for example by violent ship's motion in rough seas) and partitioned data into separate day/night segments, bounded by sunrise/sunset. In instances where, for example, the echosounder had been turned off for short periods, or the vertical sampling resolution of the echosounder was changed, data were further segmented. An acoustic image, or echogram, was created for each segment. The acoustic image was defined as a two-dimensional array of backscatter values on a depth v time (or space) grid. Each cell in the image, an acoustic pixel, had an associated timestamp, geographical position and depth. For each image, echo intensity in the form of mean volume backscattering strength (MVBS -Simmonds & MacLennan 2005) was calculated at a cell resolution of 5 m in depth (from the surface down to 1000 m) by 1 min in time.
S S L E X T R A C T I O N M E T H O D ( S S L E M )
Our objective was to provide a method that would function over the range of bio-acoustical echosounder frequencies in common (and likely future) use, over horizontal scales from bays to oceans, and on vertical scales that encompass microlayers (cm; Holliday et al. 2003) upwards to tens and hundreds of metres. The common observational frequency band (18-200 kHz) spans the Rayleigh and geometric scattering regions for most zooplankton and nekton. This means that small changes in frequency can result in large changes in backscattering intensity and hence in SSL descriptors. Layers only become apparent acoustically when they can be distinguished from background noise (sufficiently high signal-to-noise ratio -SNR). SNR is a function of organism packing density, acoustic target strength, depth, insonification frequency and power, and environmental conditions (Simmonds & MacLennan 2005) . SSL appearance may also be influenced by sampling resolution (Korneliussen et al. 2008) : for transect data resolution is determined by ping rate, beam angle, depth and ship speed. The geographic scale of data is an important consideration as there are many oceanic processes that occur over different spatial and temporal scales, from microturbulence to decadal oscillations. A robust general method should be capable of resolving features of interest at the scale of the study being conducted and for the organisms of interest in the environment in which they exist.
Identification of SSLs
The SSL extraction method (SSLEM) is based upon detection of a contrast in MVBS (Berge et al. 2014 ) between pixels within SSLs (relatively high MVBS signal) and background pixels outside (relatively low MVBS noise). For a simple SSL analysis, using a window of depth range Z and time/space extent X, one could identify a vertically 'static' SSL surrounded by empty water by selecting pixels for which MVBS intensities were greater than the mean, l, over the entire window. Under such a scheme, for any acoustic pixel (px) within the analysis window,
where ssl is a Boolean variable, taking a value of 1 for pixels that are deemed to belong to an SSL and 0 for those that are not. This simple process, useful as an introduction to the method, assumes that the SSL is completely contained by the analysis window, and the surroundings are made up of pixels with low MVBS that is attributable to background noise. This may not be the case; for example, a transition between depth intervals that exhibit a difference in background noise (inherently caused by time-varied gain (TVG) amplification of background noise) would yield a layer-like boundary of ssl pixels. To ensure that SSLs were surrounded by lower intensity MVBS (both towards the surface and the seabed), the depth interval of the analysis window was divided into two equal values, d 1 and d 2 , and pixels were only deemed a SSL pixel (ssl value of 1) when their MVBS value was larger than both the MVBS means, l 1 and l 2 , over each of the two regions of the split window ( Fig. 2a ), yielding a new equation for ssl:
where l 1 and l 2 are calculated over the regions X by d 1 and X by d 2 , respectively, and where d 1 is equal to d 2 .
In practice, using a fixed analysis window does not capture all SSLs, since they are rarely vertically static: they may for instance oscillate with internal wave activity or migrate vertically. To accommodate this, an analysis column one pixel wide was used instead of a window. The column was moved pixel-by-pixel through the image evaluating the pixel at the centre of the column at each step, such that l 1 and l 2 were calculated over the specific column (single point in time series), not the entire window, bounded either side of the central pixel by the depth ranges d 1 and d 2 . For constant values of d 1 and d 2 , this approach would only work if all SSLs had the same thickness and were separated by distances larger than the size of d 1 or d 2 : this is not the case. To overcome this problem, the depth ranges d 1 and d 2 , for each pixel evaluated, were varied in size from two pixels in height (this minimum, rather than 1, was used to avoid flooding the image with incorrectly assigned ssl pixels when analysing highly variable or 'noisy' images) up to the vertical extents of the image (Fig. 2b) . Then, for any pixel within an image evaluated using a dynamic column,
where r is equal to the row number of the pixel being evaluated and R equal to the total number of rows within the image; consequently, the first and last two rows of each image are not processed. Each pixel thus has multiple opportunities (for varying d 1 and d 2 values) to be attributed an SSL pixel. This ensured that both vertically static and migrant SSLs of varying thicknesses and separation distances would all be identified.
Phantom SSLs and SSL min
On occasions when no SSL was present in the analysis column, pixels would sometimes erroneously be designated as SSL pixels as a result of the backscatter from individual or diffuse arrangements of organisms, tightly packed schools or swarms, variation of the physical properties of sea water, or by natural variation inherent within the data. The variable, SSL min , which designated a fixed minimum horizontal extent for SSLs (measured in space/time units), was therefore introduced to enable the identification of only those SSLs that were relevant to the scale of process being studied, for example from ocean basin scale (large SSL min ) down to krill swarms (small SSL min : Watkins et al. 1990 ). In spite of this precaution, the natural variation within the data still sometimes produced SSLs. These incorrectly identified SSLs, termed 'phantom SSLs' (Fig. 3) , were removed in post-processing (section 'SSLEM Validation') by analysis of SSL signal-to-noise ratios; SSLs were removed where the mean SSL MVBS (signal) was smaller than the maximum background MVBS value (noise) by analysing the pixels immediately surrounding the layers.
Separation of merged SSLs
The SSL pixels identified in Section 'Identification of SSLs' were used to generate an SSL mask (Fig. 4b ) that bounded pixels that were connected, termed SSL features. These features were not classified as SSLs at this point, as a single feature could consist of several merged SSLs. Features smaller than SSL min were removed, and internal gaps smaller than SSL min within accepted features were filled (Fig. 4c ). Each feature was then segmented into individual SSLs which existed over a discrete depth range at each point along a time series. This was achieved by implementing a region-based image segmentation process. A simple growing algorithm moved column-by-column through the image, initialising new regions (that would eventually grow into individual SSLs) within features where SSLs merged or split (Fig. 5 ). SSLs identified in this process that were smaller than SSL min were ignored and not analysed further.
Separation of vertically 'static' and migrant SSLs
Vertically static SSLs were separated from upwardly or downwardly migrating SSLs by application of a change-point analysis (CPA: Page 1954) . CPA can detect the existence of multiple trends within a time series by analysing the cumulative deviation from the mean over time. The CPA was conducted using a time series of the mean depth change, DZ, over a selected time interval, CPA int , across each SSL (Fig. 6) . The choice of CPA int is related to the size of SSL min . For a relatively large value of SSL min (>4 h for example), a large CPA int value can be chosen and will reduce the likelihood that undulating SSLs, caused by internal waves, would be incorrectly segmented. For small values of SSL min , a CPA int value should be selected to provide enough samples (>10) for the CPA to be conducted appropriately. The deviation of DZ from its mean was calculated ( Fig. 6b) , followed by the cumulative sum of this deviation (Fig. 6c ), the most significant point of change was indicated by the largest absolute value ( Fig. 6cblack line) and quantified by the range, CPA max , of the cumulative sum values. A confidence interval (CI) was calculated by determining the percentage of 1000 bootstrapped samples of DZ that yielded a CPA max value smaller than the original CPA max value. Where a significant change occurred (95% CI), indicating that a SSL changed from simply varying in depth around a static mean to exhibit migrant behaviour (increasing/decreasing depth), SSLs were separated into migrant and static components (Fig. 6) .
The CPA was conducted iteratively, until no further statistically significant change (95% CI) within an image segment could be detected: this ensured that multiple migrations, during a diel cycle for example, would all be separated. Multiple migrations were unlikely to occur in this study since at an earlier stage, we partitioned the data into separate day and night segments.
SSL metrics
For each individual SSL identified, a set of SSL metrics were evaluated (Table 1 ). The depth, duration, MVBS, MVBS standard deviation, MVBS range and layer thickness described spatial extent and backscatter distribution. The vertical velocity and depth range were used to identify and describe migratory layers. The background noise level (BNL) was used to quantify the maximum level of noise surrounding the SSL. The maximum value was taken to ensure that it would be greater than the mean MVBS value of SSLs consistent of natural variation within the data (phantom SSLs: section 'Phantom SSLs and SSL min '). The SSL metrics were analysed (see Results 'SSL Metrics') to gain better insight into the nature of SSLs within the study region, enabling inferences concerning the pelagic community (spatial arrangement, distribution and heterogeneity) to be made.
V A L I D A T I O N F R A M E W O R K
In order to examine the efficacy of our automated SSL identification technique versus the principal present approach, adopted by most acoustic-trawl surveys when assessing fish stocksvisual scrutinisation (which may be subjective and prone to between-operator inconsistencies)we designed a validation framework to examine potential differences between SSLs determined by the SSLEM and visually scrutinised acoustic images. If visual scrutiny gave highly variable results, this would illustrate the difficulty likely to be encountered in comparative studies and the requirement of an automated method.
The validation was conducted using a subset of the IMOS data. Images from this subset were published online at www.soundscatteringlayers.com. Independent visual scrutiny was performed autonomously by a group of eight students, 50% of whom had attended an acoustic data collection and processing summer school (www.depts.washington.edu/fhl/). Each student estimated 3 SSL metrics, namely the depth, MVBS and thickness for all SSLs they could identify that persisted for a time period longer than 1 hour. Each student considered 10 images selected randomly from a set of 50. The results of the visual scrutiny were compared to those from SSLEM (see Results 'SSLEM Validation').
Results
Sound scattering layers (SSLs) that persisted for time periods longer than 1 h (SSL min = 60 min; CPA int = 6 min: see sections 'Phantom SSLs and SSL min ' and 'Separation of vertically 'static' and migrant SSLs' respectively for definitions) were identified and extracted from the IMOS data set (section 'Acoustic data') using the SSL extraction method (SSLEM). SSLs were extracted at these setting in order to conduct a regional analysis of the study area, ensuring that only persistent and therefore characteristic SSLs were identified. In total, 2064 SSLs were extracted from 264 images that were on average 3Á4 h in length; an example of the identification of SSLs for an IMOS image is given in Fig. 4 . One hundred and eight phantom SSLs (see section 'Phantom SSLs and SSL min ') that were identified in the validation procedure were removed. For each SSL, SSL metrics described in 'SSL metrics' were determined and relationships found between select SSL metrics explored (Results 'SSL Metrics').
S S L E M V A L I D A T I O N
SSL metrics that were estimated by the students from SSLs visually identified were mapped back on to the original acoustic images for comparison with the SSLEM identified SSLs. Each visually identified SSL was categorised as being a valid/ invalid SSL identification. This process was mirrored using the output from the SSLEM, where phantom SSLs (see section 'Phantom SSLs and SSL min ') were visually identified after extraction and deemed to be invalid SSLs comprised of background noise. The students identified 211 SSLs from 80 images. For the same SSLs that were identified by more than six of the students from the same image, mean ranges of the estimated metrics were calculated (Table 2) .
Of the three SSL identification fields in Table 2 (< SSL min , Noise & TVG), the time-varied gain (TVG) field contained the largest proportion of the students misclassification of SSLs. The TVG increases the amplitude, as a function of time (or depth for a fixed sound speed) of the echo return and serves to amplify both signal, when organisms are present, and the background in an empty pixel, which appears in the acoustic image as depth-dependent noise (Simmonds & MacLennan 2005) . This essentially limits the useful (range over which signal dominates noise) range of the instrument and causes visible, layerlike bands to form at the far extent of this range. These layers can resemble SSLs to the untrained eye, but not to the SSLEM; normally, TVG is removed in pre-processing but can just as easily be removed afterwards (Watkins & Brierley 1996) .
The SSLEM identified, on average, over 3 times the number of SSLs per acoustic image than the group of students. Whereas the SSLEM output included no variance between repeat identifications and characterisations of SSLs from the same image, the overall mean standard deviation of the number of SSLs identified per image for the students was 0Á54. This is in fact quite low and demonstrates that although the students identified fewer SSLs, the group broadly did agree on the number of SSLs per image. Metric estimates by the students were, however, notably large, especially the mean MVBS range (4Á8 dB re 1 m À1 ) that is equivalent to a factor 3 change in the linear domain. The SSLs identified by the SSLEM were also much more likely to be valid (94Á8%), that is not phantom SSLs, than those identified by the students (only 75Á4% valid), who misidentified SSLs a quarter of the time ( Table 2) . The SSLEM extracted a total of 108 incorrect SSLs, all of which were considered to be phantom SSLs (section 'Phantom SSLs and SSL min '). Table 1 . Sound scattering layer (SSL) metrics: summary metrics for individual SSLs. The unit dB re 1 m À1 represents 10 times the log base 10 value of a variable with units of m À1 ; in this case, the mean volume backscattering coefficient (Simmonds & MacLennan 2005) Phantom SSLs form by the naturally occurring variation in the data. They are an artefact of the SSLEM and hence not detected by visual scrutinisation. This variability is of no consequence within SSLs, but can cause false SSL identification outside (i.e. in empty water - Fig. 3 ). In order to remove phantom SSLs, the background noise level (BNL) metric was used to identify SSLs that had low signal-to-noise ratios or more accurately, low BNL-to-MVBS ratios. SSLs that had a MVBS value that was smaller than the BNL were identified as being phantom SSLs (black points in Fig. 7 ). Removing these SSLs from the results increased the validity of the automated method, for the data analysed in this study, to 100%.
Phantom SSLs are apparent throughout the entire water column, except for the region between 400 and 800 m. In this depth region within the study location of the south-west Indian Ocean and Tasman Sea, strong and broad SSLs were persistently present (Fig. 8) , meaning that SSLs dominated, excluding the possibility of phantom SSLs forming at the same depth.
S S L M E T R I C S
The SSLEM output a total of 1956 valid (non-phantom) SSLs from the IMOS data. Each SSL was summarised by a set of 9 SSL metrics (Table 1) .
Physical characteristics of SSLs provide biological/ecological insight into pelagic community dynamics. For example, the MVBS range increased towards the surface (Fig. 8a) suggesting that the biological community becomes more complex/heterogeneous in the epipelagic region; this could be caused by an increase in species diversity or a larger range of the orientations of organisms, caused by feeding for example. The broadest SSLs lie within the central portion of the mesopelagic region of the water column (Fig. 8b) . The highest MVBS values (a proxy for increased biomass/abundance) occurred within the water column at depths of around 600 m and at the surface (Fig. 8c ) and also geographically towards 40 degrees south (Fig. 8d ). This is consistent with the fact that the zone is the highly productive subtropical convergence zone (see Fig. 1 ; as identified by Longhurst 1998) where previous work has revealed an enhanced prey field (Boersch-Supan et al. 2012).
Discussion
S O U N D S C A T T E R I N G L A Y E R E X T R A C T I O N M E T H O D
The sound scattering layer (SSL) extraction method (SSLEM) was demonstrated here using data observed at a single frequency, 38 kHz. However, the method is independent of frequency and is entirely appropriate for use with other frequencies. The main differences that would occur would be subject to the characteristics of the incident frequency, for example, reduced depth range and increased resolution at higher frequencies (Simmonds & MacLennan 2005) . The efficacy of the SSLEM was examined by comparing output from that of visually scrutinised data ( Table 2 ). The comparison demonstrated that the SSLEM method is more effective at identifying SSLs (section 'SSLEM Validation'). Visually scrutinised images were subject to SSL misclassification, under classification and sample variation, whereas the SSLEM output was perfectly repeatable, with zero variance between repeat extractions of SSLs and metrics.
Merged vertically static and migrant SSLs were separated by an application of a change-point analysis (Section 'Separation of vertically 'static' and migrant SSLs'). Analysis of the derived SSL metrics revealed water column and geographical trends (Fig. 8 ). Summarising these data into discrete metrics offers a method of standardised analysis for assessing variability in biological communities in the water column. Importantly, acoustic survey data can now be condensed down from millions of values to a set of community descriptors that can be easily stored, shared and analysed.
S S L E M A P P L I C A T I O N S
Analysis of the ocean's SSLs will enable the study of the ocean's mid-trophic structure, providing a global prey field that would be invaluable to predator-prey ecologists. SSL depths could be used to gauge energy expenditure of diving mammals (Boersch-Supan et al. 2012; Walters et al. 2014) , and spatial arrangements of prey fields that could be incorporated into existing biophysical models (for example, SEPO-DYM: Lehodey et al. 1998) . Monitoring the structure of SSLs over long time periods could reveal climatic influences and the knock-on effects for SSL inhabitants (Lehodey, Chai & Hampton 2003) . Spatially distinct formations of SSLs made up of diverse communities are likely to be distinguished and characterised by SSL metrics, allowing the division of regionally distinct biological communities (Longhurst 1998) . Whilst the SSLEM does not resolve communities at the species level, such as the Species Identification Methods from Acoustic Multifrequency Information (SIMFAMI: Gajate et al. 2004 ) project, the SSLEM offers an alternate and simpler approach for fisheries and conservation management regimes to assess and monitor open ocean ecosystem health and stability (Korneliussen et al. 2008; Handegard et al. 2013 ).
S U M M A R Y
The SSLEM presented here is directly applicable to all acoustic images, including echograms output from acoustic Doppler current profilers (ADCPs), because it is independent of frequency and scale. Furthermore, it naturally lends itself to more complex multifrequency analysis (Jarvis et al. 2010) .
Unlike other methods (e.g. Cade & Benoit-Bird 2014) , the SSLEM was built to facilitate automated processing of data in a standardised fashion that would vary only with consideration of the resolution and scale of the study in mind. It is our hope that its introduction will enable the analysis of a wealth of data that is immediately available, offering insights into the biological structure of the world's ocean. The derived SSL metrics provide a means to summarise the extracted layers, making them readily available for a wide range of analysis. Importantly, the SSLEM offers the opportunity to study the structure of the mid-trophic communities in the ocean and will aid in improving our understanding of an ocean ecosystem.
